Abstract
Introduction
In this section, we study and review some of the previous work on super-resolution problems. We show the limitation of super-resolution problems and solutions and discuss the obstacles to designing a practical approach for more general applications. Digital cameras have a limited spatial resolution, dictated by their utilized optical lens and CCD array. Surpassing this limit can be achieved by acquiring and fusing several low-resolution (LR) images of the same scene, producing high-resolution (HR) images; this is the basic idea behind super-resolution techniques [1] , [7] , [8] . Therefore, the super-resolution reconstruction problem is well known and extensively treated in the literature [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . Their super-resolution approach using MAP estimator (or the Regularized ML estimator), with the HMRF (Huber-Markov Random Field) prior was presented by Richard R. Schultz and Robert L. Stevenson [11] in 1996. Next, M. Elad and A. Feuer [3] proposed the hybrid method combining the ML and nonellipsoid constraints for the super-resolution restoration in 1997 and the adaptive filtering approach for the super-resolution restoration in 1999 [4] . Later, the special case of super-resolution restoration (where the warps are pure translations, the blur is space invariant and the same for all the images, and the noise is white) are proposed for a fast super-resolution restoration in 2001 [5] . The alternate super-resolution approach, L1 Norm minimization and robust regularization based on a Bilateral Total Variance, was presented by S. Farsiu and M. Dirk Robinson [14] in 2004.
Note that almost all super-resolution methods to date have been designed to increase the resolution from a simple global or local uniform translational low resolution image sequence therefore, unfortunately, the pure translation model can not represent the real complex motion effectively therefore image superresolution applications can apply only on the sequences that have simple translation motion.
First, this paper proposes a fast affine block-based registration algorithm [15] giving excellent result on a high level of accuracy. This proposed registration algorithm divides the current frame into overlapping blocks then it searches all possible affine modeled blocks within a search windows in the reference frame to find the best matched blocks. The affine parameter of the best matched block is called an affine motion parameter or affine motion vector. To reduce the tremendous computation cost due to the large framesize, a modified three step search (M3SS) is used to estimate the affine parameter. Second, this paper proposes a super-resolution reconstruction uses a high accuracy registration algorithm, the fast affine blockbased registration [15] , in the stochastic regularization technique of Bayesian MAP estimation used to compensate the missing measurement information. Moreover, the Bilateral Total Variance function is used as a prior knowledge. [14] The organization of this paper is as follows. Section II reviews explains the main concepts of super resolution. Section III introduces the proposed fast affine block-based registration that can improve the accuracy performance of translational registration and a modified three step search (M3SS) that is developed to alleviate the heavy computations of FS. Section IV introduces the super-resolution using the affine blockbased registration and L1 norm minimization with BTV regularization. Section V outlines the proposed solution and presents the comparative experimental results obtained by using the proposed method and by using the translational block-based method. Finally, Section VI provides the summary and conclusion.
Introduction of Super-Resolution
This section starts our presentation with a brief description of the problem and the model used.
Consider a sequence of images 
. At each time instant we assume that the two images are related via the following equation. 
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Fast Affine Block-Based Registration
The fast affine block-based registration was proposed by V. Patanavijit and S. Jitapunkul [15] and the registration can explain the complex motion for real sequences but traditionally, the translational blockbased registration can detect only pure translational motion along the image plane and fails to consider any complex motions that arise due to rotation, zooming, etc. the registration computes the affine motion vector of each block between the current and reference frame using M3SS that will be discussed in the later section.
Due to a very high computational load in affine motion vector estimation, the M3SS is proposed to reduce that load. The 3SS (Three Step Search) is one of the popular fast algorithms used in the translational registration therefore this paper develops the 3SS, that can estimate 2 motion parameters, to be M3SS that can estimate 6 motion parameters. For the 7x7 displacement window (translation deformation) and 20 ± degree (rotation, extraction or expansion deformation), the proposed M3SS algorithm utilizes a search pattern with check points on a search window in the first step, A minimum BDM (Block Distortion Measure) point is found from a 729 3 6 = check point pattern at the center of the searching area as shown in (3) . Next, the center of the search window is then shifted to the point with minimum Block Distortion Measure (BDM) and the search window size of the next step is reduce to the half of the previous step.
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(The criterion for parameter selection in this paper was to choose parameters which produce most PSNR results for 4 standard sequences, Foreman, Carphone, Suzie and Stefan that have different BG and FG motion characteristic. Therefore, to ensure fairness, each experiment was repeated several times with different parameters and the best result of experiments was chosen [15] ).
The M3SS check points are fixed at 3.65E+3 at 0.125 pixel accuracy and w=7. Compared with the classical block-based estimation method (translation block-based estimation method) at 0.25 pixel accuracy and w=9, the total number of the M3SS check points has more computational load the classical approach about 3 times but the PSNR of the M3SS method is 4-7 dB higher than that of the classical method.
The Proposed Super-Resolution
From a statistical perspective, regularization is incorporated as a priori knowledge about the solution. Thus, using the MAP estimator, a rich class of regularization functions emerges, enabling us to capture the specifics of a particular application. This can be accomplished by way of Lagrangian type penalty terms as in
where ( ) λ is a scalar for properly weighting the first term (data fidelity cost) against the second term (regularization cost). To achieve reconstructed images with sharper edges, in the spirit of the total variation criterion and a related method called the bilateral filter, a robust regularizer called bilateral-TV (BTV) was introduced in [14] . The B-TV regularizing function looks like applied to give a spatially decaying effect to the summation of the regularization terms [14] .
Combining the BTV regularization, we propose the solution of the super-resolution problem as follows:
We use steepest descent to find the solution to this minimization problem (6):
where β is a scalar defining the step size in the direction of the gradient and λ is a regularization factor. Fourth, entire residue images are warped by inverse affine block-based motion matrix. Finally, the all warped residue images and BTV regularization are combined and the result is used to update the SR image.
Experimental Result
This section presents this experiments and results obtained by the super-resolution method using affine block-based registration using M3SS. These experiments are implemented in MATLAB and the block size of LR images is fixed at 8x8 (16x16 for overlapping block) and the search window w=7 for affine block-based registration and 2 N = (or 5 Frames) for MAP estimation process. We perform results using Susie sequence, complex-edge characteristic and a QCIF format (176x144). Then, to simulate the effect of camera PSF, this shifted image was convolved with a symmetric Gaussian low-pass filter of size 3x3 with standard deviation equal to one. The resulting image was subsampled by the factor of 2 in each direction (88x72). (The criterion for parameter selection in this paper was to choose parameters which produce visually most appealing results. Therefore, to ensure fairness, each experiment was repeated several times with different parameters and the best result of each experiment was chosen [14] ).
First, for the Gaussian noise at signal-to-noise ratio (SNR) equal to 20 dB. The original high resolution frame (40) is shown in Fig. 2(a) and noisy, blurred and low resolution frame 40 are shown in Fig. 2(b) and the PSNR between the original high resolution frame and ). The performance of the proposed SR algorithms can enhance the noisy, blurred and low resolution frame about 1.42 dB and the proposed SR image is dramatically sharper edges and less noise than the interpolated LR image and noregularized SR image.
Second, for the Gaussian noise at signal-to-noise ratio (SNR) equal to 25 dB. The original high resolution frame (40) is shown in Fig. 2(a) and noisy, blurred and low resolution frame 40 are shown in Fig.  2(b) and the PSNR between the original high resolution frame and the interpolated noisy, blurred and low resolution frame is 28.69 dB. Due to noise effect, the results of super-resolution without regularization give a poor result and cannot reduce the noise effect as shown in Fig. 2(c) and the PSNR between the original high resolution frame and the none regularized SR frame is 28.82dB ( algorithms can enhance the noisy, blurred and low resolution frame about 0.45 dB and, moreover, the PSNR of the proposed SR algorithms is higher than PSNR of the no-regularized SR algorithms about 0.32 dB. For subjective test, the proposed SR image is slightly sharper edges and less noise than the interpolated LR image and is slightly sharper edges and less noise than no-regularized SR image too.
Conclusion
In this paper, we propose an alternate approach using a novel image registration, Affine Block-Based Registration, and the proposed super-resolution reconstruction using a high accuracy registration algorithm, the fast affine block-based registration [15] , in the stochastic regularization technique of Bayesian MAP estimation used to compensate the missing measurement information.
Experimental results conducted clearly that the proposed algorithm can apply on the general sequence such as Suzie and can be improved the result in using both subjective and objective measurement. 
